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Abstract
Extracting knowledge about the movement of different types of mobile agents (e.g. human, animals,
vehicles) and dynamic phenomena (e.g. hurricanes) requires new exploratory data analysis methods for
massive movement datasets. Different types of moving objects share similarities but also express
differences in terms of their dynamic behavior and the nature of their movement. Extracting such
similarities can significantly contribute to the prediction, modeling and simulation dynamic phenomena.
Therefore, with the development of a quantitative methodology this research intends to investigate and
explore similarities in the dynamics of moving objects by using methods of GIScience in knowledge
discovery. This paper presents a summary of the ongoing Ph.D. research project.
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Extracting knowledge about the movement of different types of 
mobile agents (e.g. human, animals, vehicles) and dynamic 
phenomena (e.g. hurricanes) requires new exploratory data 
analysis methods for massive movement datasets. Different types 
of moving objects share similarities but also express differences in 
terms of their dynamic behavior and the nature of their movement. 
Extracting such similarities can significantly contribute to the 
prediction, modeling and simulation dynamic phenomena. 
Therefore, with the development of a quantitative methodology 
this research intends to investigate and explore similarities in the 
dynamics of moving objects by using methods of GIScience in 
knowledge discovery. This paper presents a summary of the 
ongoing Ph.D. research project.  
Categories and Subject Descriptors 
I.5.2 [Pattern Recognition]: Design Methodology – classifier 
design and evaluation, feature evaluation and selection, pattern 
analysis, polymorphism, control structures.  
General Terms 
Algorithms, Design, Experimentation, Verification. 
Keywords 
Moving point data mining; moving object; movement parameters; 
movement behavior; movement pattern; trajectory decomposition; 
trajectory classification; trajectory similarity. 
1. INTRODUCTION 
The analysis of moving objects (i.e. entities whose positions or 
geometric attributes change over time) has recently become the 
focus of many research projects in the area of geographic 
information science, with applications in human-computer 
interaction (HCI), ecology, biology, transportation, social and 
behavioral sciences. In most cases, since the dimension of the 
moving object is not as important as its position, moving objects 
are modeled as moving points (MPOs), whose trajectories (i.e. 
paths through space and time) can be analyzed. Moving objects in 
general can be categorized into two major groups of geo-
referenced and non-geo-referenced dynamic objects. In other 
words, some are dynamic objects that move in geographic space 
and may thus be geographically referenced such as humans, 
animals, vehicles, or hurricanes while the other group covers 
entities that move in a non-geographic space, including gaze point 
movements in eye movement studies or particles in a bubble 
chamber. All these dynamic objects share similarities but also 
exhibit differences in terms of their underlying data structure, 
dynamic behavior and nature of movement. Extracting such 
similarities can significantly contribute to the prediction, 
modeling and simulation of the dynamics amongst moving 
objects. [9, 10] 
Research on the development of data mining techniques on 
knowledge discovery from movement datasets usually strives to 
conceive generic algorithms. Namely, the developed algorithms 
should be potentially suitable for different kinds of moving 
objects from a wide variety of application domains— e.g. animal 
ecology, fleet management and human behavioral studies. In 
consequence, it is essential to understand the similarities but also 
the differences between different types of moving objects and 
their associated movement parameters and patterns. Trajectory 
simulation is another area where detailed knowledge of the 
movement parameters of different moving objects is crucial. 
Simulating dynamic environmental phenomena, mobility of 
humans, animals and, or studying human interaction with 
computers requires extracting knowledge about the dynamic 
behavior of different types of mobile agents and thus creates 
challenges in developing new exploratory data analysis methods 
on massive movement datasets. The better the knowledge about 
the movement behavior of the particular objects that is simulated, 
the more realistic the simulation results will be.  
The above issues all point to a need for methods for analyzing and 
classifying the movement behavior of various moving objects, 
with the aim of determining the similarity of trajectories generated 
by moving objects. Therefore, this research aims to investigate 
and explore similarities in dynamic behavior of moving objects. 
The intention is to develop a conceptual and methodological 
framework for extracting similarities from trajectories of moving 
objects by quantitative analysis. In detail, this research addresses 
the following research questions: 
a) How similar is the movement of different types of moving 
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b) How similar are artificial simulated proxies to the 
corresponding reference moving objects?  
c) How to formalize and define similarity in terms of movement 
as a general measure appropriate to any kind of moving point 
object?  How to automatically discover spatio-temporal 
similarities amongst trajectories of moving objects? 
d) How to benefit from similarity analysis in order to predict 
movement of an object under given circumstances? How to 
determine whether objects of the same type exhibit similar 
dynamic behavior in a particular situation? 
2. MOVING OBJECT DATA MINING 
Non-stop generation of space-time trajectories from different 
kinds of moving entities provides the possibility to discover useful 
and interesting information about movement of human, animals, 
vehicles, to find patterns, extract their meaning, and expand our 
knowledge about the mobile world [26]. A review of the literature 
on moving object data mining and visualization highlights the 
importance and significant progress in this area. In this context, 
[13] gives an overview of the history of analyzing moving objects 
from the initial idea of time geography to the recent advances in 
knowledge discovery from moving objects using spatio-temporal 
data mining techniques, including latest work on data privacy and 
security issues. Moving object data mining, named mobility data 
mining [13], as a novel research area is one step of the geographic 
knowledge discovery process. Mobility data mining aims at 
analyzing mobility data and extracting useful patterns from 
trajectory data by the use of efficient algorithms [13, 17]. The 
following subsections present a brief categorized overview of 
some of the recent moving object data mining and knowledge 
discovery approaches. Since the main objective of this research is 
to discover similarities between dynamic behaviors of different 
types of mobile agents, more emphasis is placed on similarity 
studies in section 2.3. 
2.1 Trajectory Modeling and Simulation  
In general, the path of a moving object, named trajectory, is the 
subject of interest in moving object data analysis. In order to 
analyze or simulate typical movement behavior of an object, it is 
necessary to extract differentiated movement characteristics from 
monitored trajectories. In this regard, recent years have witnessed 
a rapid increase of research activities on modeling, simulation and 
analysis of trajectories. For instance, [2, 3, 5] present different 
exploratory approaches in order to model and classify trajectories 
to discover dynamics of different moving object types. Similarly, 
the simulation of trajectories has been used for diverse purposes, 
such as ecological modeling [4, 29], spatio-temporal database 
research [23], and in the evaluation of data mining algorithms 
[17]. In transportation studies some researchers focused on 
modeling and extracting knowledge from raw GPS data to detect 
the mode of transport that people used, with the aim of 
understanding user behavior [28, 33].  
2.2 Movement Pattern Analysis 
Movement patterns include any recognizable spatial and temporal 
regularity or any interesting relationship in movement data. 
Various data mining tasks, including exploratory data analysis, 
descriptive and predictive modeling, association rule mining, and 
other pattern detection techniques have been employed on 
trajectories in order to extract patterns of movement and discover 
spatio-temporal behavior of different types of moving objects [11, 
17, 18]. Early work on movement pattern analysis includes the 
simulation study of human adaptive behavior [4] and the methods 
developed for the spatio-temporal analysis of wild animal 
movement [16]. Moreover, recent work in this area includes the 
extraction of movement patterns from trajectories generated by 
individual users of location-based services [19, 26]; and mining of 
movement patterns in groups of moving objects [15, 18].  
The above publications document significant progress over the 
past few years. However, a review of the related literature 
suggests that there is little agreement on the relevant types of 
movement patterns and only few, isolated definitions of these 
exist. These studies usually set out with fairly accurate definitions 
of the patterns they are looking for—as an indispensable 
prerequisite to data mining [11]—but they tend to be restricted to 
a selected, narrow set of patterns. Hence, still a fundamental 
problem and impediment to the development of a comprehensive 
toolbox of movement analysis techniques can be found: There is 
neither agreement on the relevant types of movement patterns nor 
any comprehensive and systematic definition of these [9]. 
2.3 Trajectory Similarity Analysis  
Similarity analysis as an exploratory tool in mobility data mining 
disciplines has been traditionally applied on time series databases 
such as financial, marketing and production time series (e.g. stock 
prices) as well as scientific time series databases (e.g. weather 
data, sea level data etc.) in order to predict the future trend of data, 
test hypothesis [1]. Research on finding similarity between 
trajectories of moving objects initiated from similarity search 
techniques on time series databases. Current trajectory similarity 
search techniques, based on their underlying distance measures, 
can be classified into three categories of spatial, temporal and 
spatio-temporal similarity. 
2.3.1 Spatial similarity 
Most previous work focuses on spatial similarity search by 
looking for similarities of the geometric shape of the trajectories, 
by ignoring the temporal information. Examples include applying 
Euclidean distance between trajectories [6, 32], the Edit Distance 
[7], One-Way Distance [21], Hausdorff distance [14], Fourier 
descriptors [24], Longest Common Subsequence (LCSS) [31]. 
2.3.2 Temporal similarity 
Temporal similarity of trajectories is performed the same as 
similarity analysis on time series data sequences, for instance 
using a P-norm distance or Time Wrapping distance to calculate 
similarity between two sequences. [7, 25]  
2.3.3 Spatio-temporal similarity 
Recently, some work has been carried out on spatio-temporal 
similarity of trajectories. The proposed methods aim at dealing 
with both spatial and temporal dimensions of trajectories and 
other dynamic characteristics such as speed and direction. For 
instance, based on the Euclidean distance [12] proposes a 
dissimilarity metric between trajectories of different sampling 
rates to find the K-Most-Similar-Trajectories (K-MST) on R-tree-
like structures. On a similar attempt, [30] applied Euclidean 
distance on trajectories of the same sampling rate to find sub-
trajectories with maximum similarity. In this context, [22] 
introduces different versions of similarity in-between polylines to 
deal with different similarity search and trajectory clustering 
tasks. considering speed and direction of the objects over time. To 
the best of our knowledge, this has been the only work that takes 
movement primitives into account in similarity search. The 
distance measure is computed based on the area of a set of 
polygons formulated between intersection points of trajectories 
[22]. In another work, Euclidean time-Uniform distance has been 
introduced in optimal or approximate matching between 
trajectories under translation and rotation [27]. On a similar 
attempt an extension of Frèchet distance has been applied to 
support trajectory similarity join [8]. 
Concluding the above review of the state of the art, it is obvious 
that similarity analysis is rather a new topic in the domain of 
moving object databases and there are still some issues, which are 
not fully addressed so far. It can be admitted that while proposed 
similarity search methods for trajectories of moving objects are 
relatively well developed, most of them are restricted to a specific 
criterion in order to match the similar trajectories. It is necessary 
to remark that only few previous approaches have dealt with 
dynamics of trajectories in similarity search, that is, taking the 
movement parameters into account in the similarity search 
algorithm. On the other hand, some regard trajectories as static 
curves and simply ignore speed and time variables. Therefore, 
those measures cannot handle different aspects of a spatio-
temporal trajectory of moving objects. The proposed measures are 
very application dependent. Thus, there is a need to develop 
general and flexible spatio-temporal measures that consider 
various movement parameters. 
3. METHODOLOGY 
A four-stage methodology has been developed to achieve the 
objectives. The methodology consists of the following stages: 1) 
Conceptual framework of movement; 2) movement features 
extraction; 3) trajectory similarity search; 4) trajectory similarity 
search evaluation. 
Stages #1 and #2 address the research question (a) and (b), 
presented in the introduction section, and provide the fundamental 
framework for the next steps. Stages #3 and #4 address the 
research question (c) and (d) by developing a generic spatio-
temporal similarity search on the trajectories of moving objects. 
The research is still in progress, currently at stage #3. So far, the 
fist two stages (i.e. #1 and #2) have been fulfilled.  
4. PREVIOUS WORK 
4.1 Conceptual Framework of Movement 
In order to study the movement behavior of dynamic objects, it is 
important to take a closer look at movement itself. In other words, 
it is necessary to know what exactly the parameters are that define 
movement, what external factors influence movement, and most 
importantly to understand what types of movement patterns can 
be composed from these primitives of movement. Hence, the 
objectives of the first stage of this research are firstly to develop a 
conceptual framework of the elements defining the movement of 
different moving objects and secondly the development of a 
comprehensive classification and definitions of movement 
patterns. This is indispensable as a basis for the development of 
pattern recognition and information visualization algorithms that 
are required to be efficient (i.e. usable on massive data sets), 
effective (i.e. capable of accurately detecting patterns not 
artifacts), and as generic as possible (i.e. potentially applicable to 
different types of movement data). 
The conceptual framework describes the rudiments of movement 
in general. Movement parameters (i.e. speed, acceleration, turning 
angle, straightness, etc.) are the fundamentals of the proposed 
framework. On the framework, they are categorized into three 
groups of primitive (e.g. position, interval), primary derivatives 
(e.g. distance, duration, speed) and secondary derivatives (e.g. 
acceleration, spatial distribution, sinuosity). Besides, primitive 
and derived parameters are organized into spatial, temporal, and 
spatio-temporal dimensions. Moreover, other principal elements 
of the conceptual framework are introduced as path types (i.e. 
continuous and discontinuous), influential and external factors 
influencing movement, scale and granularity. [9] 
The classification of movement patterns is developed based on a 
review of the pertinent literature, in order to maximize reuse of 
already existing sufficiently accurate definitions, and minimize 
redundant, conflicting terminology. Following the conceptual 
framework, three dimensions of spatial, temporal and spatio-
temporal are considered in studying movement patterns. Patterns 
are categorized into two major groups of generic and behavioral 
patterns. Generic pattern can be found in any form of behavior 
that builds on movement regardless of the type of object. In 
contrast, behavioral patterns, as higher-level patterns, include 
movement patterns that can solely be found in certain types of 
moving objects (e.g. certain animal species). In the proposed 
classification, primitive, as the most basic patterns, and compound 
patterns are distinguished among the generic movement patterns. 
A figure summarizing the classification can be bound in [9] and in 
a wiki1 aiming at community participation on the topic.  
The outcomes of this stage are published in [9]. The developed 
conceptual framework and classification of movement patterns 
provide the underlying structure for the remainder of this research. 
4.2 Movement Features Extraction 
The motivation of this stage is to take an analytical look at the 
movement characteristics and dynamic behavior of different types 
of dynamic objects and extract possible similarities among 
movement behaviors of such objects. Therefore, this phase 
presents a methodology that allows extracting local movement 
features from the trajectories of different types of moving objects. 
The methodology consists of three steps, shown graphically in 
Figure 1: 1) trajectory data preparation; 2) global descriptors 
computation; and 3) local feature extraction. [10] 
4.2.1 Trajectory data preparation 
Raw data captured by movement tracking devices usually contain 
noise, outliers and gaps. Therefore, in order to remove effects of 
noise and positioning errors of the tracking devices and other 
factors, data cleaning and pre-processing procedures should be 
applied to achieve more reliable trajectories. The pre-processing 
phase consists of three steps including filtering, re-sampling, and 
smoothing. 
                                                                  
1 http://movementpatterns.pbwiki.com/Patterns-of-Movement 
4.2.2 Global descriptors computation 
Movement parameters (i.e. speed, acceleration, turning angle, 
straightness, etc.), introduced in the conceptual framework, are 
very different in terms of the values that they can take for each 
type of moving object. To achieve differentiated results in the 
characterization of trajectories, the computation of movement 
parameters should be performed at consecutive scales. Namely, 
the process should first take a global look, computing descriptive 
statistics for the entire trajectory. Then, it should zoom in to 
extract local information of the trajectories at finer resolutions.  
 
Figure 1. Methodology for extracting the movement behavior 
of different MPOs [10] 
4.2.3 Local feature extraction 
In order to reveal more detail in the movement behavior of the 
moving objects, the proposed approach is to decompose 
trajectories to a set of meaningful segments of homogeneous 
movement characteristics. The key element of the methodology is 
an algorithm that decomposes the different movement parameters 
profiles based on variations in sinuosity and deviation from the 
median line, hence enabling the extraction of local movement 
features from trajectories of moving objects. Deviation from the 
median line of the profile gives an impression of the amplitude 
variation of a movement parameter over time, while sinuosity acts 
as a proxy of the frequency variation. Figure 2 illustrates the 
essentials of the profile decomposition algorithm. [10] 
 
Figure 2. Basic elements of movement parameter profiles [10] 
The developed methodology, and in particular the trajectory 
decomposition algorithm, are useful for a variety of applications 
in movement data mining where finding similarities between the 
physical movement behavior of different objects is important. 
These include applications such as trajectory classification (e.g. 
transport mode detection in mobility analysis studies), movement 
pattern detection (e.g. fixation and saccade detection in eye-
tracking research), and trajectory simulation (e.g. in human 
mobility behavior studies). The proposed methodology can inform 
developers of pattern recognition and data mining algorithms 
about similar and dissimilar types of moving objects, hence 
allowing the design of rigorous algorithm evaluation strategies. 
The methodology generates relevant movement attributes at the 
global level of the entire trajectory as well as at the local level of 
segments of homogeneous movement characteristics, enabling 
more differentiated parameterization of trajectory simulations. It 
can also be used to classify unknown moving objects into 
previously identified MPO types, in data mining operations on 
large trajectory databases or in real-time applications. For 
instance, it can be used in transportation research to detect the 
transport mode in anonymized trajectories of different 
transportation objects (e.g. cars, motorcycles, bicycles, 
pedestrian). [10]. 
This work has been published in [10]. The feasibility of the 
developed methodology has been examined through a set of 
empirical experiment. The proposed methodology has been 
applied to classify trajectories of unknown moving objects by 
similarity to the trajectories of previously learned moving objects. 
The conducted experiments not only demonstrated the feasibility 
of the proposed methodology but also provided interesting 
empirical results. The experiments provided evidence about the 
similarities and differences that exist among different types of 
moving objects in the transportation domain. The results showed 
that the methodology can successfully detect the mode of 
transport from unknown trajectories of people using different 
transportation means. [10] 
5. ROAD AHEAD 
5.1 Trajectory Similarity Search  
The main focus of this stage is the development of a spatio-
temporal similarity search method for the effective detection of 
moving objects trajectories with similar dynamic patterns. Here, 
similarity search tasks are classified in two modes of concurrence 
and coincidence movement patterns. The aim of the concurrence 
analysis is to investigate the similarity of movement parameters 
(e.g. speed, acceleration, direction) derived from trajectories of 
moving objects over time in a multidimensional feature space. On 
the other hand, the coincidence analysis studies similarity of 
moving objects in space and time. The similarity is computed by 
aligning two trajectories. Alignments can be global (on entire 
trajectories) or local (on subsequences of a trajectory). In order to 
find segments of profiles with similar dynamic behavior, the 
trajectory decomposition algorithm, proposed in section 3.2, 
together with the favored similarity measure will be applied. The 
work is still in progress. The following strategy is considered in 
this methodology. 
5.1.1 Generating and decomposing movement 
parameters profiles  
As the first step, the movement parameter profiles need to be 
computed from trajectories of objects. Figure 3a illustrates sample 
movement parameter profiles as building blocks of the 
multidimensional feature space. Among the movement parameters 
taken from the conceptual framework, velocity and direction (i.e. 
azimuth or turning angle) have been considered as essential 
variables for similarity search. The reason is that these movement 
descriptors allow defining relative movement. 
5.1.2 Generating a multidimensional feature space  
The outcomes of the first step are then employed to generate a 
multidimensional (i.e. 3D) feature space of the decomposed 
profiles of velocity and azimuth (or turning angle) over time. Each 
of the movement parameters will constitute one dimension of the 
multidimensional feature space for trajectories (Figure 3). This 
provides a multidimensional time series for each trajectory. 
 
Figure 3. Similarity search on the multidimensional feature 
space composed of movement parameter profiles 
5.1.3 Similarity search 
The similarity measure is defined in a multidimensional feature 
space. In order to compute the similarity of the multidimensional 
time series derived from the subject trajectories two strategies are 
currently evaluated: 
Strategy #1: in the 3D feature space composed of velocity, 
azimuth, and time (Figure 3b) the average Euclidean distance 
between the two 3D profiles derived from corresponding 
trajectories will be computed as similarity measure. If the 
computed distance exceeds a specified threshold (i.e. 
! 
e ) two 
trajectories are considered to be dissimilar.  
Strategy #2: First, the trajectory segmentation algorithm, 
described in section 4.2.3, is applied on the movement parameter 
profiles. This yields a set of homogeneous profile segments that 
can facilitate similarity search. Subsequently, similarity measures 
related to the concepts of Edit distance and Levenshtein distance 
[20] will be employed to calculate the similarity between 
sequences of trajectory segments. 
5.2 Trajectory Similarity Search Evaluation 
Following the implementation of the basic similarity search 
platform, a set of experiments will be carried out in a controlled 
evaluation mode. Different kinds of movement data such as GPS 
tracks of human or vehicles, animal tracking data, radar data sets 
of hurricane trajectories will be used. The aim of this step is to test 
the validity of the implementation and to evaluate the efficiency 
and usability of the developed similarity measure. 
6. CONCLUSION AND OPEN QUESTIONS 
The paper introduces an ongoing Ph.D. research that aims to 
explore the similarities, not only among moving objects of the 
same type but also between different moving objects of different 
species. A quantitative methodology is developed to investigate 
similarities between both movement characteristics of different 
objects and their patterns of movement. The outcome of this 
research can contribute to variety of applications such as ecology 
and biogeography studies, by modeling or simulation of the 
migration of animals or birds; to transportation studies, by 
automatic transportation mode detection Moreover, it can 
potentially support the prediction of possible hurricane tracks in 
hazard management, by extracting similarities between hurricanes 
occurred in past. 
While the research is still proceeding, a conceptual framework of 
movement, as well as a methodology of trajectory decomposition 
and classification have been developed. As upcoming results, a 
spatio-temporal similarity measure for trajectories of moving 
objects will be developed. And finally, the feasibility of the 
methodology will be evaluated in different disciplines such as 
environmental hazard management, modeling or simulation of the 
migration of animals or birds; transportation studies. 
With reference to the objectives of this research, that is to address 
the problem of trajectory similarity search in a broad domain, 
some open questions can be raised as follows: 
1) Is similarity a general measure or is it application-specific? 
2) Should similarity be considered as a specific movement 
pattern? 
3) How can similarity measures be verified? Since usually the 
end product of the similarity search techniques are rather 
subjective. 
4) How to address similarity of trajectories regarding their 
underling context? 
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